. 2001. Environmentally constrained null models: site suitability as occupancy criterion. -Oikos 93: 110 -120.
does not necessarily imply the role of biotic interactions, but could be equally related to other factors such as similarities or differences in dispersal abilities or environmental requirements of the species. In such cases, different processes like competition and environmental suitability could both lead to similar conclusions regarding patterns in species co-occurrences (i.e., rejection of the null hypothesis; see Schluter 1984, Bradley and Bradley 1985 for discussions). We argue that our treatment of the biotic and abiotic factors as independent components is a practical one in the sense that patterns in species distribution may be more conspicuous when these components are independent (but see Brown et al. 2000 , Stone et al. 2000 . To maximize the chance of distinguishing among competing hypotheses, the likelihood of species co-occurrences should be assessed again after the environment is factored out as a possible explanation for the patterns encountered. The idea that ecological requirements of species should be incorporated into null models has been long recognized, yet is rarely addressed in the literature (Zobel 1997) . Approaches to control for species habitat requirements in null models have taken different forms. The simplest approach fixes the total number of species per site and species frequencies (see Gotelli 2000) when generating the ''null communities'' in order to account for differences in resource availability among sites and speciesrelated characteristics. However, since species richness should vary with resource availability, this approach has been debated. Diamond and Marshall (1977) attempted to remove the effects of habitat diversity on species co-occurrences by using residuals from probit analysis to factor out differences in island sizes. Kelt et al. (1995) and Gotelli et al. (1997) incorporated geographic and habitat characteristics directly into null models during the generation of ''null communities'' by assigning species to sites where they should be able to disperse naturally and persist.
In general, attempts made to incorporate environmental constraints into null models have been based on environmental classifications where habitats are grouped into categories (e.g., forest versus woodland, low versus high altitude). The fact that habitats cannot always be easily classified into discrete units (e.g., Knight and Morris 1996, Dufrêne and Legendre 1997) , promoting subjective classifications, and that species are more likely to exhibit a much finer response to habitat conditions, emphasizes the need to apply more quantitative approaches for incorporating habitat suitability into null models. The objective of our study is to present a novel approach for incorporating environmental constraints into null models. This approach involves modeling species presence or absence as a function of a set of environmental factors, and using the estimated site-specific probabilities of occurrence as the likelihood of species occupancy of a site during the generation of ''null communities''. After detailing the protocol of the environmentally constrained null model approach, we conducted a simulation study to validate the model and described the expectations for the model. As an example, we used the approach with a data set of hunting spider assemblages from a Dutch dune area.
Unconstrained null models and co-occurrence test statistics
A presence-absence matrix is the basis for the analysis of species distribution null models, where rows represent species and columns represent sites or samples. Each matrix cell is coded (1) for presence and (0) for absence. To test whether the matrix contains non-random patterns of species co-occurrences, a randomization test is used. The test begins by choosing a test statistic that reflects the question of interest and calculating the measure for the original data. Next the observed test statistic is contrasted against a null distribution that is generated by randomly allocating the incidence values (1/0) in the matrix a large number of times (i.e., generate ''null communities'') and calculating the test statistic for each randomized set. Under the null hypothesis the observed test statistic is just one possible value from the null distribution and its likelihood can be evaluated as the proportion of randomized values that are more extreme than the observed.
Perhaps the main source of disagreement among ecologists is the protocol that is used to generate the ''null communities'' (see Gotelli and Graves 1996 for a review). Although no consensus has been reached on the most appropriate protocol, ecologists have commonly employed two algorithms for generating random matrices. The first randomizes the incidence values (1/0) fixing the sum of rows (i.e., species occurrences are maintained constant), whereas the second fixes the sum of both rows and columns (i.e., species occurrences and site richness are maintained constant). Depending on the algorithm, sites have different probabilities of being ''randomly colonized''; however all sites are assumed to provide similar environmental conditions because any of them could be successfully colonized by any species under chance alone. We refer to these approaches as unconstrained null models. Gotelli (2000) found that both provide appropriate type I error rates and comparable statistical power.
There are many indices available to summarize patterns in species distribution (Jason and Vegelius 1981, Jackson et al. 1989 ) and we have chosen three that reflect different types of possible associations between species.
(1) The C-score statistic Roberts 1992, Gotelli 2000) calculates the number of checkerboard units for all species-pair combinations (i.e., the number of sites for which species A is present and species B is absent and vice versa). Increasing C-scores OIKOS 93:1 (2001) indicate an increasing degree of mutual exclusivity between species, where the maximum is reached when half of the sites are occupied by one species and the other occupies the other half. (2) The T-score statistic (Stone and Roberts 1992) calculates the degree of togetherness by counting the number of sites that species A and B jointly are either present or absent. A high T-score indicates common occurrence between species, where the maximum is achieved when half of the sites are occupied by both species and the other half lacks both species. (3) The S-score (Stone and Roberts 1992) measures the number of shared sites occupied by both species A and B and is at its maximum when species occupy all sites. When conducting an analysis of the whole incidence matrix, C-, T-and S-scores are calculated as the average from all species pairs.
Environmentally constrained null models Figure 1 depicts the protocol for our environmentally constrained null model where two hypothetical species A and B were modeled according to two environmental variables. The first step involves a single-species approach to estimate the probability of species presence or absence at each study site based on the environmental or habitat conditions. The resulting matrix contains site occurrence probabilities for each species at each site (i.e., site-specific probability matrix). A high predicted probability indicates that a site contains suitable environmental conditions for species occurrence, whereas a low probability suggests the lack of suitable environmental conditions. Predictions of site occurrence can be generated using a number of qualitative or quantitative approaches. For example, historical data could be used to assign probabilities of species colonization or information from experimental studies and field measures of habitat use could be used independently or combined to generate probabilities. An array of classification techniques such as discriminant analysis, logistic regression, classification trees, artificial neural networks or genetic algorithms is also available (see Hand 1997) . In our hypothetical example (Fig. 1) , we have used linear discriminant analysis to generate the species-specific probability matrix. In the second step, probabilities of occurrence are transformed into relative probabilities, and species presences are reassigned to sites during the generation of ''null communities'' according to these relative values ( Fig. 1) . We refer to this algorithm as Ct-RA1. In addition we consider situations where the probability of species occurrence is low (i.e., smaller than 0.5), although the species is observed present (i.e., poor prediction by the model). Using these probabilities during the generation of ''null communities'' would identify these sites as unfavorable although the species is present. Therefore, we propose a second algorithm Ct-RA2 that assigns a probability of 1.0 to all sites in the speciesspecific probability matrix where the species is actually present in the observed incidence matrix. Then proceed as for Ct-RA1, where probabilities are transformed into relative probabilities (Fig. 1) . Therefore, for Ct-RA2 only the probabilities from the species-habitat models for empty sites are used. In both protocols we maintain fixed species frequencies, so that the number of sites occupied by any species in each random matrix is the same as in the observed matrix (Fig. 1 ). The constrained randomization approach is then repeated a large number of times and at each time the index measuring species co-occurrence (C rnd , T rnd or S rnd ) is calculated and recorded. The observed value (C obs , T obs or S obs ) is then contrasted to the null distribution of random values and the probability of rejection is estimated (Fig. 1) . The test is one-tailed and the probability is calculated as: (number of C rnd , T rnd or S rnd equal to or larger than C obs , T obs or S obs +1)/(number of randomizations +1), where 1 represents the observed value for the index being evaluated and is also included as a value of the randomized distribution. For all analyses we used 1999 random permutations.
Validation of environmentally constrained null models
Although the above protocol is ecologically sound, there is a need to verify whether the use of site-specific probabilities in null models could inflate or deflate the expected type I error rate (Roxburgh and Matsuki 1999, Peres-Neto and Olden 2001) . To address this question we designed a Monte Carlo experiment (Manly 1997, Peres-Neto and Marques 2000) to validate empirically our constrained randomization algorithms. A sample-based Monte Carlo approach was employed because our interest relates to null models for distribution matrices that represent samples from a larger universe rather than complete censuses of species in island archipelagos.
The experiment involved generating a large number of random species incidence matrices. Empirical estimations of type I error were calculated as the proportion of random matrices that provided significant tests based on the null model. We began the experiment by generating an empty archipelago of 10 species and 20000 sites with 0s filling the whole matrix. Next, we generated a site-specific probability matrix (hereafter called SSP1) with the following data structure. For species 1, 90% of the sites received a high probability of occurrence based on a random value between 0.7 and 1.0 from a uniform distribution, and the remaining 10% of the sites received a low probability value ranging randomly between 0.0 and 0.3, again from a uniform distribution. For species 2, 80% of the sites received a probability value between 0.7 and 1.0, and the other 20% received a value between 0.0 and 0.3. The pattern continued with a 10% sequential decrease for all species until species 10, for which only 5% of the sites were assigned high probability values. Considering each species separately, the occupancy of any particular site in the empty archipelago was based on SSP1. This scenario mimics a situation where species distributions are related strongly to environmental suitability but their co-occurrences are random with respect with one another. Therefore, the outcome of any model based on species-environment relationship for this system would generate good performance, but the environmentally constrained null models should detect no association between species. To ensure that type I error rates were not influenced by the predictive success of the speciesenvironmental models, we constructed three additional site-specific probability matrices based on modifications of SSP1. SSP2 randomly assigned new probabilities 1− P to 20% of the sites for each species where habitat suitability was small (B 0.30) and the species was truly absent (i.e., good model prediction), where P is the original probability for the same site and species in SSP1. In addition, in SSP2, 20% of sites for each species where habitat suitability was high (\0.70) and the species was truly present (i.e., good model prediction) had their probabilities converted into 1− P. SSP3 randomly assigned new probabilities 1− P to 20% of the sites across all species independent of the classification success of the model. SSP4 randomly assigned new probabilities of 0.5 to 20% of the sites for each species.
Type I error rates for each simulated scenario (i.e., SSP1-SSP4) were estimated using 1000 random samples of 100 sites each from the archipelago. Each sample was constituted using a species incidence matrix and the corresponding (i.e., same sites) site-probability matrix based on to one of the four scenarios. Type I error rates were estimated for an unconstrained null model (fixed sum of species totals), Ct-RA1 and Ct-RA2 for C-, T-and S-scores, as the number of sample tests out of 1000 that were significant according to three alpha values (0.1, 0.05, 0.01). The results (Table 1) indicate that the environmental constrained null models are not prone to elevated or deflated type I error rates, even when the species-environment model exhibited poor Table 1 . Summary of type I error estimates for unconstrained and constrained null models. Each entry is the proportion of tests for which the null hypothesis was rejected according to a specific alpha level when tested against a sample from a random incidence matrix. See text for details on the simulation protocols and null models used.
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We anticipate three qualitative differences in interpretations when contrasting the outcomes of unconstrained versus environmentally constrained null models. In Fig.  2 we provide a hypothetical example illustrating these expectations. Such expectations are due to the unconstrained null model having a greater proportion of sites occupied as a result of chance alone relative to the constrained versions.
Expectation 1 -The unconstrained null model detects a significant negative association between species (i.e., high C-score), whereas the constrained null model is non-significant (Fig. 2) . In this case, negative associations between species may be driven by the fact that they have different environmental requirements, so that biotic interactions between species are non-existent when species-environment relationships are taken into consideration.
Expectation 2 -The unconstrained null model detects a significant positive association between species (i.e., high T-and S-scores), whereas the constrained null model is non-significant (Fig. 2) . Here, positive associations between species can be explained by common species-environment affinities and not by biotic facilitation or similar dispersal capacities among species (Kelt et al. 1995) . In these cases, species distributions overlapping in a relatively small fraction of sites should show the greatest differences between constrained and unconstrained null models. In contrast, species with greater frequency of occurrence in the data and exhibiting positive associations may show no difference when environment is taken into account because the site-specific probabilities will be closer to the actual percent of occurrence in the data set. Also, if one assumes that species with broad distributions are habitat generalists, environment should not be playing an important role in their distributions, so that in these cases both types of null models will likely provide similar outcomes.
Expectation 3 -The unconstrained null model is nonsignificant, whereas the constrained null model detects a significant negative association between species (Fig. 2) . In such cases, the potential for negative interactions exists only at sites where the environment conditions are suitable for the species involved, especially when they are closely related (e.g., guilds, congeneric species). Greater power of detecting patterns having negative associations can be achieved using the constrained approach because decreasing the number of suitable sites for species occupation increases the chance of finding checkerboard units under the permutation model. Similarly, Wilson and Gitay (1995) employing a null model where plants were re-assigned randomly only to quadrats near to their original location, found that decreasing the number of quadrats available increased the chances of detecting competitive interactions. Their rationale was that nearby quadrats should offer more similar environments than more distant ones.
We do not expect cases where the unconstrained null model is non-significant, but the constrained null model detects a positive association among species. Under the constrained permutation, a smaller number of sites is available to species and they will tend to co-occur more often under chance alone, decreasing the probability of rejection of positive associations. We also do not expect the case where the unconstrained null model detects a positive association between species and the constrained null model detects a negative association between species, or vice versa (but see Schoener and Adler 1991) , because in our constrained null model only the probability of the test statistic is affected (i.e., the observed test statistic is not changed). Cases where both constrained and unconstrained null models agree in their outcomes imply that species interactions cannot be explained by environment alone. In the case of positive interactions, species occupying a smaller fraction of the available habitats, but overlapping highly in their distribution, may suggest facilitation. As discussed above in expectation 2, ubiquitous species also may not exhibit differences between the two types of null models. There is also the case where species may remain positively associated when they only overlap in fewer sites that offer a unique combination of environmental conditions, but not others.
Environmentally constrained null model in a community of hunting spiders
Data were taken from ter Braak (1986 : Table 3 ) and comprise the abundance values of 12 species of hunting spiders and environmental data for six habitat variables from 28 sites (Table 2) , originally presented by Van der Aart and Smeek-Enserink (1975) . We constructed species-habitat models by modeling species presence-absence as a function of six environmental characteristics using linear discriminant analysis. The results from the discriminant analyses produced a site-by-species matrix containing probability estimates for species occurrence of each site. A jackknife procedure (also called n-fold or leave-one-out cross validation) was used to validate the models because this approach provides a nearly unbiased estimate of prediction success (Olden and Jackson 2000) . The jackknife approach excludes one site, constructs the models with the remaining 27 sites, and then predicts the probability of species occurrences for the excluded site using this model. This procedure is repeated 28 times so that each site, in turn, is excluded during the model construction and its response is predicted. Overall correct classification rate was calculated as the percentage of sites where the model correctly predicted the presence or absence of a species and Cohen's Kappa statistic was used to assess whether the model predictions differed from expectations based on chance alone (Titus et al. 1984) . All single-species models were found to be statistically significant (Table 3) .
To acquire a basic description of species-environmental affinities, we performed a principal component analysis (PCA) on correlations of the sites-by-species probability matrix so that each species could be compared in the reduced ordination space (Fig. 3) . Arrows represent correlations between environmental variables and principal components. Our results largely agree with those presented by ter Braak (1986: Fig. 1 ) based on a canonical correspondence analysis. Based on the entire incidence matrix, the unconstrained null model and the two environmentally constrained null models showed significant positive associations between species (C-score= 30.2, P =1.000 Table 3 ). Note that sites and species are ordered to maximize the correspondence between patterns in species incidence and environmental variables. Table 3 . Results from discriminant analysis for predicting species presence-absence of hunting spider species based on environmental factors (see Table 2 ). Reported values are percentage of species occurrence (%SO), percentage of sites that the species was correctly classified (%CC), Kappa statistic and the associated p-value (P). Species codes follow Table 4 . Summary of the null models results for the hunting spider data. Number of rejections for species pair-wise comparisons for different significance levels is presented. For instance, for an alpha=0.05, 13 species pairs were negatively associated (C-score) according to the unconstrained null model. for all null models; T-score =54.8, PB 0.0005 for all null models; S-score =8.9, P B0.0005 for all null models). Examining species-pair associations showed that the number of significant interactions (both positive and negative) was much smaller for the environmentally constrained null model compared to the unconstrained (Table 4) . Although there were a large number of negative interactions (Tables 4, 5 ), the models based on the complete incidence matrix were not effective in detecting these associations, suggesting that when there are both positive and negative interactions between species, these indices may provide different power. Note that only three species had negative associations, whereas six species had positive associations (Table 5 ).
Environmentally constrained

Discussion
Our study describes a null-model protocol where species-environment associations can be accounted for when examining patterns in species incidence. The classical approach (i.e., unconstrained) assumes that the environment is homogeneous across the landscape and thus unimportant in shaping species distributions, whereas the constrained approach incorporates speciesspecific responses to the environment. Therefore, the constrained approach facilitates a better evaluation of Fig. 3 . Principal component plot of the site-by-species probability matrix resulting from linear discriminant functions for the hunting spider data (Table 2) . Arrows represent the correlation between environmental variables and principal components.
OIKOS 93:1 (2001) the possible roles of biotic and abiotic factors shaping community structure. The comparison between classical null models and the constrained approach should provide the necessary contrast to judge which factor predominates. However, it is important to reiterate that the general value of null models based on distributional data is in verifying patterns related to similar or complementary distributions, rather than asserting that certain mechanisms are important or unimportant. For instance, because species that compete may be more likely to share similar habitats, positive associations are also expected under strong competition (Schluter 1984, Kelt and Brown 1999) . The value of our analytical approach is not different in this regard; however, it addresses the question of whether or not associations between species may be simply ascribed to environmental affinities, rather than biotic interactions, and also tests whether species have more similar or distinct habitat requirements. The results show that accounting for environmental suitability of the dune sites greatly influences the interpretation of interactions between hunting spider species as we found that differences or similarities in species environmental requirements largely described the patterns of association between species (Tables 4, 5). Consequently, this removed the need to invoke facilitation or competition as plausible mechanisms determining most species distributions. For instance, A. pericola and P. lugrubis are negatively associated based on the results from the unconstrained null model; however, they have very different environmental affinities for the amount of bare sand, cover moss and water content (Fig. 3) , thus resulting in no significant association according to the constrained null model. In contrast, A. albimana and A. lutetiana are positively associated according to the unconstrained null model, but are randomly associated in the environmentally constrained null models because these species were found at sites with very similar environmental conditions (Fig. 3) . Interestingly, A. cuneata and P. nigriceps remained positively associated after the environment was incorporated (Table 5) . Although these two species exhibit somewhat different environmental preferences (Fig. 3) , they frequently overlap at sites having the combination of few fallen twigs but high light reflectivity (Table 2) , suggesting an interaction of these two variables in facilitating coexistence. Associations that remain significant after accounting for species-environment relationships may be related to three aspects: (1) species associations are truly related to biotic interactions; (2) interactions between some environmental factors at particular sites might facilitate coexistence; and (3) important environmental variables not used in the species-environment models may contribute to their joint or disjoint distribution. Regardless, our null model will be effective in revealing those associations that can be explained by the measured environmental variables from those that cannot be explained.
A number of conditions may decouple species-habitat relationships and introduce errors into species-environmental models. For instance, some sites may provide environmental conditions suitable for persistence; however, dispersal barriers may impede immigration into the site (e.g., Lonzarich et al. 1998) . Competitive interactions may also displace species from their optimum into sub-optimal habitats in a number of sites. An interesting extension to the constrained approach would be to sample site-specific probabilities within confidence intervals for site probabilities (see Taylor 1991) at each randomization so that the degree of error would be also incorporated into the null model. In the worst-case scenario, where species models present extremely high degrees of errors, the unconstrained and constrained null models would provide equivalent outcomes (Peres-Neto unpubl.).
By fixing species frequencies in our null models, we assumed that the probability of random colonization of sites is a function of the fraction of sites occupied. However, species frequencies are also an important outcome of competitive interactions, and perhaps may Table 5 . Pair-wise associations between hunting spiders. Positive associations (+) were assessed by the significance of the T-score (note: S-score provided similar results). Negative associations (−) were judged by the significance of the C-score. All results based on alpha=0.05. The upper diagonal contains the results based on the unconstrained null model, whereas the lower diagonal has the results for Cr-RA1 (note: Cr-RA2 provided similar results). Species codes follow (Gotelli 2000 and references therein) . As a consequence, fixing species frequencies may incorporate the outcomes from previous species interactions into the ''null communities'', lowering the power of detecting true associations. Relaxing this assumption may provide important insights. For instance, some components of metapopulation or biogeographic models may be adapted and incorporated into constrained null models for predicting site occupancy, as well as generating random site occupancy via simple stochastic processes (e.g., Haydon et al. 1993 , Hanski 1994 . The use of more complex species-environmental models for predicting species incidence may be modified to incorporate aspects related to spatial location of sites (Roxburgh and Matsuki 1999) such as isolation, connectivity and corridor quality and species dispersal abilities into null models.
Our study has detailed methods for incorporating site-specific probabilities into null models so that species selected to compose ''null communities'' could occupy the environment offered by randomly selected sites under normal conditions rather than occurrences simply being mediated by species interactions. Given the vast number of data sets containing data on species distributions and site environmental conditions, the method presented here should facilitate a more robust evaluation of the factors contributing to species associations and community organization.
